We propose an estimation method of the new Keynesian Phillips curve (NKPC) based on a univariate noncausal autoregressive model for the in ‡ation rate. By construction, our approach avoids a number of problems related to the GMM estimation of the NKPC. We estimate the hybrid NKPC with quarterly U.S. data (1955:1-2010:3), and both expected future in ‡ation and lagged in ‡ation are found important in determining the in ‡ation rate, with the former clearly dominating. Moreover, in ‡ation persistence turns out to be intrinsic rather than inherited from a persistent driving process.
Introduction
According to the new Keynesian Phillips curve (NKPC), the in ‡ation rate t depends linearly on the expected in ‡ation rate next period, E t t+1 , and a measure of marginal costs, x t . This equation is a central building block of modern macroeconomic models, and it can be derived from several sets of microfoundations, although probably most often it is attributed to Calvo's (1983) price-setting model where only a fraction of …rms can change prices in a given period (or equivalently, each …rm is able to adjust its price with a …xed probability). Incorporating lagged in ‡ation t 1 into this equation has typically been found to improve the empirical …t, and Galí and Gertler (1999) called this augmented equation the hybrid NKPC. They showed that this version can be obtained by modifying the assumptions of Calvo's (1983) model such that only some …rms that are able to change prices, choose to do so optimally, while the rest use a simple rule of thumb based on recent history of aggregate price behavior.
There is an ongoing debate about the importance of forward-looking behavior in the determination of in ‡ation. The issue is particularly important from the viewpoint of monetary policy whose design depends on the sources of in ‡ation persistence. In empirical studies employing univariate methods (see, e.g., Cecchetti and Debelle (2006) ), in ‡ation has invariably been found highly persistent, and this persistence has typically been interpreted as dependence on past in ‡ation in forming expectations and, hence, as evidence against the NKPC. Also, Whelan (2005a, 2007) , and Nason and Smith (2008a) , inter alia, have found little evidence of forward-looking in ‡a-tion dynamics in analyses based on estimated NKPCs for the U.S. On the other hand, the recent results of Lanne and Saikkonen (2011a) and based on so-called noncausal autoregressive (AR) models suggest that the persistence in the U.S. in ‡ation results from agents'forward-looking behavior rather than dependence on past in ‡ation. The NKPC estimation results of Galí and Gertler (1999) , and Galí et al. (2005) , to name but a few, also lend support to the NKPC in the U.S.
The principal econometric method used in single-equation estimation of the NKPC is the generalized method of moments (GMM), where various lags of in ‡ation and the marginal cost variable have typically been used as instruments. As already pointed out above, the results have been contradictory. In particular, they seem to strongly depend on the set of instruments and the variable used as a proxy for marginal costs that are not directly observable.
Because t , t 1 , and x t included in the NKPC equation cannot act as instruments for t+1 , higher-order dynamics are called for, i.e., in ‡ation should be predictable by higher lags of these variables. Alternatively some other variables could be used as instruments, but it is not easy to …nd variables with predictive power for in ‡ation (see, e.g., Watson (1999, 2009) ). Nason and Smith (2008a) show that lack of higher-order dynamics gives rise to the problem of weak instruments in estimating the NKPC, resulting in weak identi…cation and strong dependence of the results on the choice of instruments. To avoid these problems, they employ methods robust with respect to weak instruments and …nd little evidence in favor of the hybrid NKPC in U.S. data.
In addition to the problem of weak instruments, there may be another problem hampering the GMM estimation of the NKPC. Namely, Lanne and Saikkonen (2011b) have recently shown that if any of the time series used as instruments is noncausal, i.e., depends on its future values, the GMM estimator is inconsistent. Moreover, in this case, endogeneity of such an instrument is not reliably revealed by Hansen's (1982) J test. Noncausality of in ‡ation found by Lanne and Saikkonen (2011a) and thus indicates that using lags of in ‡ation as instruments as is commonly done in the previous literature, is likely to yield misleading results. Lanne and Saikkonen (2011b) also found noncausality very common in a comprehensive data set compirising more than 300 macroeconomic and …nancial time series, which suggests that …nding valid additional instruments for the estimation of the NKPC may be challenging.
In this paper, we introduce a single-equation estimator of the parameters of the NKPC based on a noncausal AR model speci…ed for in ‡ation.
As discussed in Section 2 below, identi…cation of noncausality requires nonGaussian errors, and it is this feature combined with a suitably speci…ed parametric process for the marginal cost variable that facilitates identi…ca-tion. This is di¤erent from the GMM where identi…cation is based on a suitable proxy for the marginal cost variable. Hence, our identi…cation is statistical, with the drawback that is does not directly yield an estimate of the coe¢ cient of the marginal cost. On the other hand, we obtain consistent estimates of the coe¢ cients of lagged and expected future in ‡ation that are independent of any selected marginal cost proxy. Furthemore, leaving a marginal cost proxy unspeci…ed, facilitates reverse-engineering of the process driving in ‡ation consistent with the model.
In short, the bene…ts of the proposed estimation procedure are twofold.
First, no instrumental variables are needed, which abolishes the problems of weak and noncausal instruments prevalent in much of the previous literature.
Second, we avoid the di¢ cult problem of …nding a proxy for the marginal cost as none is needed. As pointed out by Schorfheide (2008) , measurement errors pertaining to the marginal cost series can potentially distort the inference about the NKPC parameters in dynamic stochastic general equilibrium (DSGE) models. We expect this problem to be even more severe in the single-equation setup. Indeed, Nason and Smith (2008b) recently compared the estimates of the U.S. NKPC with nine di¤erent marginal cost variables and found that most of them were highly insigni…cant and greatly a¤ected the values of the parameters of interest. Similarly, Rudd and Whelan (2005b) found that neither labor's share of income nor detrended real GDP provide good proxies for the U.S. marginal cost.
With quarterly U.S. data from 1955:1-2010:3, we demonstrate the problems of the GMM mentioned above. For two in ‡ation measures, we …nd the best-…tting noncausal non-Gaussian AR model. There is strong evidence of deviations from normality of the errors of the estimated AR models. In both cases, the selected model turns out to be mixed, including both lags and leads of in ‡ation. This suggests that both expected future in ‡ation and lagged in ‡ation are important in determining the in ‡ation rate. Estimates of the parameters of the hybrid NKPC based on the noncausal AR models indicate that expected in ‡ation is the dominant factor determining in ‡ation, but backward-looking behavior is not insigni…cant either. Moreover, in ‡ation persistence is found to follow mostly from agents'forward-looking behavior, while the persistence inherited from the driving variable plays a minor role.
The rest of the paper is structured as follows. Section 2 describes the noncausal AR model of Lanne and Saikkonen (2011a) and discusses model selection. In Section 3, we derive the maximum likelihood estimator of the NKPC based on the selected noncausal AR model for in ‡ation. In Section 4, the empirical results are presented. Finally, Section 5 concludes.
Noncausal Autoregression

Model
The starting point of our procedure for estimating the NKPC is an adequate noncausal AR model for in ‡ation, and in this section, we brie ‡y describe the noncausal AR model of Lanne and Saikkonen (2011a) . 1 Consider a stochastic process y t (t = 0; 1; 2; :::) generated by
where
and t is a sequence of independent, identically distributed (continuous) random variables with mean zero and variance 2 or, brie ‡y, t i:
Moreover, B is the usual backward shift operator, that is, B k y t = y t k (k = 0; 1; :::), and the polynomials ' (z) and (z) have their zeros outside the unit circle so that (z) 6 = 0 for jzj 1 and ' (z) 6 = 0 for jzj 1.
We use the abbreviation AR(r; s) for the model de…ned by (1) . If with dependence on future values only. In the mixed AR(r; s) case where neither restriction holds, y t depends on its past as well as future values.
A well-known feature of noncausal autoregressions is that a non-Gaussian error term is required to achieve identi…cation. Thus, we assume that the error term t is non-Gaussian and that its distribution has a (Lebesgue) 
Model Selection
In practice the model orders r and s are always unknown and have to be speci…ed based on the data. Because noncausal AR processes are not identi…ed by Gaussian likelihood, the …rst step in modeling a potentially noncausal time series is to search for signs of nonnormality. To this end, Lanne and Saikkonen (2011a) suggest estimating a Gaussian AR(p) model that ade-quately captures the autocorrelation in the series and checking its residuals for nonnormality. As mentioned above, Student's t distribution might be a suitable error distribution for the U.S. in ‡ation as the residuals of Gaussian AR models turn out to be leptokurtic.
Provided nonnormality is detected, the next step is to select the best…tting model among the alternative AR(r; s) speci…cations. As the AR(p) model has been found to adequately capture the autocorrelation in the series, it seems reasonable to restrict oneself to models with r + s = p. Following 
Estimation of the New Keynesian Phillips Curve
In this section, we discuss the di¤erent versions of the NKPC and their estimation based on an adequate AR(r, s) model speci…ed for in ‡ation. The NKPC,
incorporates staggered price setting, and it can be derived from a number of di¤erent sets of microfoundations, including Calvo's (1983) price-setting model where a fraction of the …rms cannot change their prices in a given period. Here t denotes the in ‡ation rate, and x t is a measure of marginal costs. Galí and Gertler (1999) modi…ed Calvo's (1983) model by assuming that some …rms able to change prices, choose not to do so. This assumption leads to the so-called hybrid NKPC,
that allows for dependence on past in ‡ation. Augmenting the NKPC with t 1 has typically been found to improve the empirical …t considerably.
As already pointed out in the Introduction, a major problem and cause of controversy in the empirical implementation of the NKPC is the fact that the marginal cost variable x t is not directly observable. In empirical studies employing the single-equation framework, the most common x-variable is the real unit labor cost. A theoretically consistent alternative is the output gap that can be measured in several alternative ways. Arguments in favor of and against both of these variables have been brought up in the previous literature (see, e.g., Nason and Smith (2008) and the references therein). Unfortunately, the choice of the marginal cost proxy greatly a¤ects the estimates and, hence, the assessment of the relative importance of forward-looking and backwardlooking behavior in determining in ‡ation. In our approach, no x-variable need be prespeci…ed, but identi…cation is based on assuming a process for it that …ts the data.This is also possible in the DSGE framework, where x t can be treated as a latent variable (cf. Basistha and Nelson, 2007) , but to our knowledge, this is the …rst paper to present estimates of the NKPC in the univariate single-equation framework.
Let us …rst consider the estimation of the hybrid NKPC (4). By adding and subtracting f t+1 , equation (4) can be rewritten as
where t+1 = f E t t+1 f t+1 + x t t+1 + x t , and, as typically done in the rational expectations literature, the expectation error t+1 is assumed to be independently and identically distributed (i.i.d.) in time. The time-series properties of t depend on those of x t , but we assume that its process can be adequately approximated by a …nite-order autoregression. By dividing through by f and lagging by one period, the model can be written as
or, using the backshift operator B, as
The polynomial a (z) 1
2 can equivalently be written as
are the characteristic roots of equation (5). With plausible values of f and b , is smaller and ' is greater than unity in absolute value (cf. Galí and Gertler (1999) and Galí et al. (2005) ). It is now convenient to write the polynomial a(z) as
where ' = 1='. Subsituting this into (5) yields Because the marginal cost variable x t is not likely to be i.i.d., the approach above must be modi…ed to allow t to be autocorrelated. This is suggested by the persistence of the theoretically implied variables driving in ‡ation. As already pointed out, we assume the autocorrelation in the error term to be adequately captured by a (potentially noncausal) AR(r 1, s 1) process, i.e.,
and t is an i.i.d. error term. Substituting this into (7) yields
where ( (1)), and ML estimation under the constraints (6) yields consistent estimates of f and b . Equation (8) 
and the polynomial a (z) = 1
f . Substituting this into (9) yields
where t = ' f 1 t+1 = t+1 and f = '. Assuming, as above, that t follows a (potentially noncausal) AR process, equation (10) Notice that the orders of the selected AR(r, s) model for in ‡ation may, as such, preclude the forward-looking or hybrid NKPC. If r turns out to be zero, the hybrid NKPC is not a possibility, and in ‡ation is purely forward-looking.
Conversely, if the best-…tting model is an AR(r, 0) model, in ‡ation necessarily only depends on the past. Hence, successful model selection is of crucial importance for conclusions concerning the nature of in ‡ation dynamics.
Empirical Results
We provide estimates of the U.S. NKPC based on the GMM and the methods introduced in Section 3. Our quarterly data set covers the period from 1955:1 to 2010:3. In ‡ation is computed as t = 400 ln (P t =P t 1 ), where P t is either the implicit price de ‡ator of the GDP or the consumer price index for all consumers. The resulting in ‡ation series are denoted by 
GMM Estimation
To illustrate the pontential problems with GMM estimation of the NKPC alluded to in the Introduction, we …rst consider GMM estimates for the di¤erent in ‡ation and marginal cost series based on alternative sets of instruments. The results are shown in Table 1 , and they recon…rm a number of conclusions already drawn in the previous literature (cf., e.g., Nason and Smith (2008b) who present similar results for GDP t using a larger collection of instrument sets). First, the estimated coe¢ cients, their statistical signi…cance and even their signs vary from one instrument set to another.
Second, the results vary depending on the marginal cost proxy being used.
With the unit labor cost, f is always signi…cant at conventional signi…cance levels, but with the detrended output only for some instrument sets. Third, di¤erent in ‡ation measures seem to produce somewhat di¤erent results. In conclusion, it appears to be di¢ cult to obtain general results concerning the issue of forward-looking vs. backward-looking in ‡ation dynamics using the GMM. The J test of overidentifying restrictions (not reported) does not reject at conventional signi…cance levels in any of the cases, but noncausality and, thus, endogeneity of the instruments cannot be precluded. Therefore, we next turn to the estimates of the NKPC based on potentially noncausal in ‡ation dynamics.
Estimates Based on Noncausal Autoregressions
The starting point of our procedure of estimating the NKPC is an adequate, potentially noncausal AR model for demeaned in ‡ation. Following the model selection procedure outlined in Section 2.2, we …rst specify a Gaussian autoregression with serially uncorrelated errors and check whether the residuals are normally distributed. As discussed above, it is the deviations from normality that facilitate identi…cation of the parameters of interest. To that end we use the Ljung-Box autocorrelation and Jarque-Bera normality tests. For After specifying the adequate autoregressive orders, the next step is …nd-ing the correct orders of causal and noncausal lag polynomials, r and s, respectively. To that end, we estimate all AR(r, s) models with t-distributed errors where the sum of r and s equals …ve for GDP t and four for
CP I t
. The values of the maximized log-likelihood functions are presented in Table 2 . For both series, a mixed model involving both leads and lags is selected. Hence, the purely forward-looking NKPC (3) gets little support, as lagged in ‡ation always seems to carry at least some signi…cance. The selected models are AR(2,3) and AR(3,1) for GDP t and CP I t , respectively. The insigni…cance of additional leads and lags reported in Table 2 attests to the adequacy of the selected noncausal AR models. The quantile-quantile plots of the residuals depicted in Figure 2 indicate the good …t of Student's t distribution; especially for in ‡ation based on the GDP de ‡ator the …t is excellent also at the tails. The estimated small values of the degree-of-freedom parameter in Table 3 also lend support to a leptokurtic error distribution.
Because a mixed noncausal model is selected for each in ‡ation series, we proceed with the estimation of the hybrid NKPC (4). The estimation results are presented in Table 3 . The estimates of b and f are signi…cant at conventional signi…cance levels in both cases. Furthermore, for both in ‡ation series, the estimates clearly indicate dominance of forward-looking behavior:
the estimates of f substantially exceed those of b . All estimates also fall in the shaded area of Figure 1 . The AR(2,3) process selected for the GDP de ‡ator in ‡ation has one unstable and two stable characteristic roots. Of the stable roots, one is negative and one is positive. The estimates in Table 3 correspond to the positive stable root. The estimates of f and b corresponding to the negative stable root equal 3.465 and -2.829, respectively. Because the former exceeds unity and the latter is negative, they can be precluded on theoretical grounds, and we have, in practice, unique identi…cation. As far as the CPI in ‡ation is concerned, there is only one stable and one unstable real characteristic root, which quarantees identi…cation. 2 The in ‡uence of lagged in ‡ation is indeed minor despite the fact that b 2 Because identi…cation is based on the process speci…ed for the x-variable embedded in the in ‡ation process, as a robustness check, we considered estimating the parameters of the new Keynesian Phillips curve based on alternative AR(r; s) models for in ‡ation. When the estimated noncausal model is close to the selected model, the conclusions remain intact.
However, for clearly misspeci…ed in ‡ation processes, we are unable to obtain realistic estimates.
is statistically signi…cant. This can be seen by computing the roots of the AR(r, s) process of in ‡ation from equation (6) To gain futher insight, it is useful to relate the results to a structural model undelying the hybrid NKPC. Galí and Gertler (1999) assume that each …rm is able to adjust ist price with a …xed probability 1 , and a fraction 1 of the …rms set their prices optimally, while the rest use a simple rule of thumb based on the recent history of aggregate price behavior. Galí and Gertler (1999) derive the mapping from the reduced-form parameters f , b and to the above-mentioned 'deep' parameters , and the discount factor .
Because we have no estimate of , the deep parameters cannot be uniquely only makes use of the in ‡ation series, it facilitates independently extracting the most plausible driver of in ‡ation assuming the validity of the best-…tting NKPC. In other words, once the NKPC has been estimated, x t can be solved as
where b f and b b are the ML estimates, and E t t+1 can be computed as 
Conclusion
We have proposed a new estimation method of the NKPC that avoids a number of problems of the GMM commonly employed in the single-equation framework. In particular, no marginal cost proxy is required, and the detrimental e¤ects of potentially weak or noncausal instruments are eliminated.
Our estimator is based on specifying a potentially noncausal univariate autoregressive model for in ‡ation whose identi…cation relies on non-Gaussian errors. If no noncausality is detected, in ‡ation dynamics are necessarily backward-looking, and the NKPC is refuted. On the other hand, …nding noncausality, facilitates estimation of the NKPC and assessment of the relative importance of backward-looking and forward-looking behavior in determining in ‡ation.
We applied the proposed procedure to two quarterly U.S. in ‡ation series. In each case, the results lend support to both forward-looking and backward-looking dynamics, with the former clearly dominating. As we have prespeci…ed no marginal cost proxy driving the in ‡ation, the model facilitates computing the most plausible driving process given the estimated parameter values. The properties of these processes indicate that in ‡ation persistence is likely to be intrinsic as opposed to being inherited from a persistent driving process. 
